The Folksodriven framework makes it possible for data scientists to define an ontology environment where searching for buried patterns that have some kind of predictive power to build predictive models more effectively. It accomplishes this through an abstractions that isolate parameters of the predictive modeling process searching for patterns and designing the feature set, too. To reflect the evolving knowledge, this paper considers ontologies based on folksonomies according to a new concept structure called "Folksodriven" to represent folksonomies. So, the studies on the transformational regulation of the Folksodriven tags are regarded to be important for adaptive folksonomies classifications in an evolving environment used by Intelligent Systems to represent the knowledge sharing. Folksodriven tags are used to categorize salient data points so they can be fed to a machine-learning system and "featurizing" the data.
INTRODUCTION
Computational Intelligence (CI) is a methodology to deal/learn with new situations for which there are no effective computational algorithms [1, 2, 3] .
A fundamental prerequisite for an evolving environment is to decide the "knowledge" for a task domain: what kinds of things consists of, and how they are
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Semantic networks can be used to simulate the human-level intelligence providing efficient association and inference mechanisms to simulate the human complex frames in reasoning. Ontology can be used to fill the gap between human and CI for a task domain with an adaptive ontology matching.
The main purpose of this chapter is the development of a constitutive model emphasizing the use of ontology-driven processing to achieve a better understanding of the contextual role of concepts (Sentic computing). To reflect the evolving knowledge this chapter considers an ontology-driven process based on folksonomies according to a new concept structure called "Folksodriven" [4 -10] This work proposes to use an adaptive ontology matching to understand what knowledge is required for a task domain in an evolving environment, using the elastodynamics -a mathematical study of a structure deformation that become internally stressed due to loading conditions -to obtain an elasto-adaptative-dynamic methodology of the FSN.
DATA PREPARATION
Folksonomies are concentrations of usergenerated categorization principles. An ontology is a formal specification of a conceptualization of an abstract representation of the world or domain we want to model for a certain purpose.
Ontologies can capture the semantics of a set of terms used by some communities: but meanings change over time, and are based on individual experiences, and logical axioms can only partially reflect them.In a model of space-time (Fig. 1) , every point in space has four coordinates (x, y, z, t), three of which represent a point in space, and the fourth a precise moment in time. Intuitively, each point represents an event that happened at a particular place at a precise moment. The usage of the four-vector name assumes that its components refer to a "standard basis" on a Minkowski space [11] . Points in a Minkowski space are regarded as events in space-time. On a direction of time for the time vector we have:
• past directed time vector, whose first component is negative, to model the "history events" on the folksodriven notation • future directed time vector, whose first component is positive, to model the "future events" on the folksodriven notation A Folksodriven will be considered as a tuple (1) defined by finite sets composed by the Formal Context (C), the Time Exposition (E), the Resource (R) and the ternary relation X -as in Fig. 1 .
As stated in [4 -9] we consider a Folksodriven tag (FD tag) as a tuple (1) defined by finite sets composed by: 
: , , , C E R X • Resource (R) is represented by the URI of the webpage that the user wants to correlate to a chosen tag;
• X is defined by the relation X = C × E × R in a Minkowski vector space [11] delimited by the vectors C, E and R.
We consider a Folksodriven network in which nodes are Folksodriven tags (FD tags) and links are semantic acquaintance relationships between them according to the SUMO (http://www.ontologyportal.org) formal ontology that has been mapped to the WordNet lexicon (http://wordnet.princeton.edu). It is easy to see that FD tags tend to form groups, i.e. small groups in which tags are close related to each one, so we can think of such groups as a complete graph. In addition, the FD tags of a group also have a few acquaintance relationships to FD tags outside that group. Some FD tags, however, are so related to other tags (e.g.: workers, engineers) that are connected to a large number of groups. Those FD tags may be considered the hubs responsible for making such network a scale-free network [12] . The network structure of "Folksodriven tags" (FD tags) -Folksodriven Structure Network (FSN) -was thought as a "Folsksonomy tags suggestions" for the user on a dataset built on chosen websites.
FINDING PROBLEMS
With a Folksodriven Structure Network (FSN), time-series data can be represented in tables, where the columns contain measurements and the times at which they were made. Traditionally, if we want to extract a diverse subset from a large data set, the first step is to create a similarity matrix -a huge table that maps every point in the data set against every other point. The intersection of the row representing one data item and the column representing another contains the points' similarity score on some standard measure. There are several standard methods to extract diverse subsets, but they all involve operations performed on the matrix as a whole. With a data set with a million data points -and a million-by-million similarity matrix -this is prohibitively time consuming. The following method attempts to address the problem in a different way.
DATA DEFORMATION ANALYSIS
An elastic lattice FSN exhibits deformation is connected to the relative movement between points in it that is represented by the displacement field [13] . Considering an elastic lattice FSN1, refer to Fig. 2 , a FD tag defined in a cell i turns into another cell j after deformation. The point T with radius vector r before deformation -respect the ontology matching defined by another FD tag on FSN2 -becomes point T' with radius vector r' after deformation, and u is the displacement vector of point T during the deformation process (see Fig. 2 ) as depict in (2).
The point T1 becomes point T'1 in cell j' after deformation. The radius vector connecting points T1 and point T'1 is dr = dx'i = dxi + dui. The displacement of point T1 is u', thus (3).
We can express with (4) the Taylor expansion at point T taking the first order term only. Under the small deformation assumption, this reaches a very high accuracy.
The elastodynamic equations of the FSN, as extension to the classical elastodynamics formulation [14] , can be deduced by considering the inertia effect respect the time exposition (E) depicted as partial derivative as in (5 (6), where λ represents the modulated displacement.
PRACTICAL USE
The most practically useful part of this work, so far, is for the recommendation problem a so-called determinantal point process. But you can imagine another scenario where, for instance, you have a long document, and you want to take the five sentences that best summarize it. Or if you have a book and you want to generate a ' '
;
(2) r r u = + ur r r summary, then you need to take some pieces of the book and put them together. You want these frames to be representative of the whole book, while at the same time, they're not always the same thing.
EXPERIMENTAL OBSERVATION
For the experimental observations it was considered the data collection acquired analyzing the hashtags of Twitter [15] . Hashtags are an example of folksonomies for social networks; they are used to identify groups and topics (the short messages called Tweet in Twitter). Hashtags are neither registered nor controlled by any one user or group of users; they are used to identify groups and topics to identify short messages on microblogging social networking services such as: Twitter, Google+, YouTube, Instagram, Pintrest… On December 2014 Twitter had surpassed 255 million monthly active users generating over 500 millions of tweets daily (source: Twitter). For the Experimental Observation it was considered only 100K tweets connected to "world news" topics. The Folksodriven notation was used for the content analysis on dynamic ontology matching for the Twitter #hashtags correlated to a topic T (for the evaluation on five different topics chosen). The system performance was measured in terms of efficiency of the analysis and matching process.
To measure the efficiency of the Elastic Adaptive Ontology Matching a stress test was done performing the two most expensive tasks occurring at run-time: 
RESULT VERIFICATION
In order to consider the effectiveness of the approach presented here, six recent references, as potential benchmarks, are now tabulated in Table 1 and 2 to compare the results and consider the pros and cons of the proposed approach. The potential benchmarks were chosen by the 2015 iteration of the SemEval-2015 Task 10 shared task on Sentiment Analysis in Twitter [15] that can be compared with the FSN algorithm proposed in this chapter. Three benchmarks were chosen by subtasks that ask to predict the sentiment towards a topic in a single tweet and the degree of prior polarity of a phrase (Subtask C of the SemEval-2015 Task 10). Now, by considering the whole of factors in the cases, in a careful manner, it is clear to note that the proposed approach FSN is well behaved on Topic-Level Polarity (Subtask C of the SemEval-2015 Task 10), see Table 1 . This proved to be a hard subtask: given a message and a topic, decide whether the message expresses a positive, a negative, or a neutral sentiment towards the topic. [16 -19] Moreover, on Given a word/phrase, propose a score between 0 (lowest) and 1 (highest) that is indicative of the strength of association of that word/phrase with positive sentiment. If a word/phrase is more positive than another one, it should be assigned a relatively higher score.
CONCLUSION
The present research attempts to address an efficient approach in the area of Computational Intelligence for Sentiment Analysis and Ontology Engineering. The main purpose of this chapter is the development of a constitutive model emphasizing the use of ontology-driven processing to achieve a better understanding of the contextual role of concepts (Sentic computing)..
In the approach proposed here, firstly, a new concept structure called "Folksodriven" to represent folksonomies is accurately identified. To face the problem of an adaptive ontology matching, a Folksodriven Structure Network (FSN) is built to identify the relations among the Folksodriven tags.
The present algorithm finds the deformation on FSN based on folksonomy tags chosen by different user on web site resources; this is a topic which has not been well studied so far. FD tags are used to categorize salient data points so they can be fed to a machinelearning system and "featurizing" the data.
The discussion in the paper shows that the nonlinear elastic constitutive equation possesses some leaning for the investigation due to lack of plastic constitutive equation at present.
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